Abstract. With the coming of education informatization and big data, educational data has become a hot topic nowadays. The analysis results of educational data provide empirical evidence for educational decision-making. Using dataset from a university, we put forward a framework to study several factors which influence students' learning effect. Moreover, we used Apriori association rules to analyze several students' learning behaviors, and found three intriguing phenomena. Finally, we put forward some corresponding recommendations to improve students' learning effectiveness.
Introduction
With the development of Internet, human life has changed from physical world into network space. And it is a general trend that the future education turns to network space. At the same time, many countries are advocating modernization of education. In 2009, the UK Joint Information Systems Committee (JISC) issued the Plan for 2010-2014, which focused on online learning [1] . The "China Basic Education Big Data Development Blue Book (2015)" Conference and Education Big Data Summit Forum held in Beijing Normal University in 2016 [2] . In addition, according to the statistics, Coursera, edX, and Udacity which are three pioneer MOOC platforms provide thousands of courses and draw more than 100,000 registrants each course [5, 6] . And Tsinghua University also officially launched the first Chinese version of the MOOC platform -"xuetangX" [4, 8] . These measures fully proved that each country will transfer education to the network space in the future. Therefore, in this context, it is very important to study the learning behavior under the network space and how to improve the efficiency of students' learning.
In this paper, we focus on studying how students engage in online platform and to what extent we can evaluate their learning effectiveness. Understanding the learning process can significantly design better courses and improve the learning effect. Despite several relevant studies at present, such as, learning behavior analysis [3] , student classification and engagement analysis [6, 7] , there are few systematical studies on the factors of affecting learning effects in online learning. More specifically, how to use the existing learning theory and data mining to observe which factors are related to students learning efficiency?
The main contributions of our paper are summarized as follows:
(1) Designed a framework. Through analyzing and mining students behavioral data, we employ association rules to analyze which factors influence students' learning.
(2) Found three interesting phenomena. The completion of student work is generally lagging behind. Compared with male students, female students usually prefer to spend more time on the online course of study. The number of logins, the total time of browsing and the number of online discussions were significantly positively correlated with learning results.
Organization of the Text
The rest of the paper is organized as follows. Section 2 introduces some association rules. We propose a learning effect evaluation framework to guide how to use educational data for analyzing students learning effect in section 3 and finally we conclude the work and offers some suggestions aiming to three phenomena in section 4.
Preliminaries
Association rule analysis, also called shopping basket analysis, is originally used to discover the association between different goods in the supermarket sales database. At present, it is one of the most widely used research methods in data mining. The purpose is to find out the relations among different data which are not directly showed in the data set.
Association rule is determined by the degree of support (s) and the confidence (c). And the algorithm is to find all frequent itemsets in the dataset and generate strong association relation [9, 10] . The degree of support (s) and confidence (c) is defined as follows in the form of two metrics Eq. 1 and Eq. 2. And among them, A and B are disjoint itemsets and not empty sets.
Apriori algorithm method is as following.
• Initially, scan database (DB) once to get frequent 1-itemset.
• Generate length (k + 1) candidate itemsets from length k frequent itemsets.
• Test the candidates against DB.
• Terminate when no frequent or candidate set can be generated.
Analysis and Evaluation Process
A. Learning Effect Evaluation Framework. Education is a complex system, there are many factors of learning effectiveness in the learning process. Aiming at the disadvantages of traditional learning process which is only on the basis of the examination results of learning evaluation, we analyze the data from basic data, learners' behavior and operation data from learning platform. By collecting the data, we can understand the learning styles, hobbies and other content, and combined with the test results of the learner's data, finally we achieve four aspects to study the effect of comprehensive evaluation in the learning attitude, cooperation, resource utilization and knowledge, as shown in " Fig. 1 ". 
B.Data Preprocessing.
The main purpose of data preprocessing is to check if there is dirty data in the original data. And dirty data includes missing values, outliers, inconsistent values, and duplicate data [10, 11] .
Dirty data may cause data mining model losing a large amount of useful data and even cause confusion in the modeling process and produce unreliable output results. For this paper, missing values, inconsistent values, and repeated values can be excluded by observation and simple data analysis. Because of the particularity of educational data, we eliminate some students data which their scores are zero or no performance, and focusing on analyzing student data which is normal. Besides these scores are the effective performance of students and eliminate useless connections with special characters.
In this section, we apply the dataset from modern education technology of Shaanxi Normal University. Students are distributed in 16 colleges about 3000 data, including name, gender, number, email, institution, questions, learning courses, test time and test scores. In addition, number and scores are digital data, time of submission is time data, including the date, the others are character data. And there are 235438 students online behavior data including login, exit and discussion data are recorded. We statistic each student login time, exit time and discussion times, and regard the difference between the total login time of each student and exit as the total time for students to learn online. For exceptions such as only login but no exit, the data is not included in the statistics.
The data is processed by aggregation, dimensional specification, discretization, and two variables, and the fields and meanings are preserved after processing [12, 13] , such as Table 1 .
Data preprocessing for gender, department, and teacher, as shown in Table 2 .
In the part of the statistical process, there are some ranks and we analyze students' learning behaviors at different levels, such as Table 3 . Table 1 . Data Retention and Meaning. Table 2 . Preprocessing Data.
Tab. 3 Symbolized Achievements
C. Data Analysis and Visualization. Through analysis, it can be found that students submit their work time mainly concentrated in the last 5 days, reaching 94.79% of the total number, and the last ten days of the total number of submissions is up to 98.69%. It can be found that most students prefer to delay the time when they submit their homework.
Statistical histogram shows the students with different grades in average login times, average browsing times and average numbers of participating discussions (posting, replies), such as " Fig. 2 ", " Fig. 3" and "Fig. 4 ". From the figures, we can conclude that with the lower grades, the average login numbers, the average browsing times and the average discussion times are gradually decreased. After analyzing how students' gender, profession and learning behavior to influence academic achievement, we digitize the number of login and browsing the total time in accordance with the proportion of students in each grade (from g1 to g4 are 22.8%, 46%, 24.4%, 6.9%), as shown in Table  4 .
The minimum set support is 10%, the minimum set confidence is 40%, and finally the strong association rules are selected. Some rules are shown in Table 5 . Table 4 . Characterizated Login Times and Browsing Time. Table 5 . Strong Association Rules.
To sum up, you can find several intriguing discoveries.
(1) Students' homework generally has a delay in online.
(2) The number of visits, the total time spent in the discussion, the number of postings and other learning behaviors are significantly positively related to the learning effect, especially in the students who have high scores.
Therefore, we need to monitor and force students to login, and increase the effective time of online learning. Moreover, we use proportion of test scores and other ways to encourage students to participate in online discussions. In order to improve students' learning effect.
Summary
This paper presents a framework to analyze the learning effect of students. We use statistics and data mining methods to analyze real online educational data from a University. In addition, we use these data to explore students' online learning behavior, and find the relationship between learning behavior and scores. Finally we find that some factors influence students' learning results. At the same time, we have three intriguing discoveries. (1) The completion of student work is generally lagging behind, which is a common phenomenon. So we can set a deadline for students. (2) Compared with male students, female students usually prefer to spend more time on the online course of study which is also a general phenomenon. (3) The number of logins, the total time of browsing, and the number of online discussions were significantly positively correlated with learning results. Therefore, we should control login times and online learning time. When a student does not trigger the screen for a long time, we can know that he is in an idle state, so we can pause the video or force him to exit.
There are many promising directions for future work. For example, integrating privacy with education is an intriguing direction for future research. Network security has become an important factor in the process of education informatization. And how to ensure the effective protection of privacy in the collecting information of learners is a considerable problem. 
